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The complex pattern of polysubstance use poses methodological challenges to research in both 
the measurement and statistical analysis. The common strategy of data collection in prior studies, 
the quantity-frequency method, has a limitation in capturing the concurrency of multiple drug 
use. This study looked for an alternative method to more accurately identify patterns of 
polysubstance use, therefore provide a more precise measure of exposure for studying the 
prevalence of polysubstance use and its relationship with public health burdens. 
 
Methods 
We used baseline data from a randomized controlled trial testing a brief alcohol reduction 
intervention in 2 urban Sexually Transmitted Infections (STI) clinics. The study included 439 
women between 18 and 66 years old, who had met criteria for at-risk alcohol use (more than 7 
standard drinks per day or >=4 drinks on one occasions or reported sex under the influence of 
alcohol) in the prior three months. Daily use of alcohol, marijuana, cocaine, heroin, and 
prescription drugs were collected using a 30-day Time Line Follow Back (TLFB) interview . 
Demographic characteristics were collected at baseline. Hierarchical clustering with 
unsupervised random forest was used for clustering the polysubstance use patterns on the one-
day, two-day, and weekly level. Multistate model was used to investigate changes of substance 
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On the day level, patterns of substance use were categorized into 10 groups, namely, 1) 
abstinence, 2) mild to moderate alcohol use, 3) binge alcohol use, 4) marijuana, 5) marijuana and 
mild to moderate alcohol use, 6) binge drinking and some marijuana use, 7) binge drinking and 
marijuana use, 8) cocaine and heroin use, 9) mild to moderate alcohol use and some use of 
marijuana, cocaine, heroin, and prescription drugs, 10) binge drinking, and some use of 
marijuana, cocaine, heroin, and prescription drugs. The abstinence was the most frequent pattern 
with the longest sojourn time of 3.89 days. On the weekly level, the most frequent weekly 
pattern was having a positive proportion of binge alcohol, marijuana, cocaine (<0.2), heroin 
(<0.05), and prescription drug (<0.05) use on each day of the week with an increase use in each 




Awareness of the concurrency of polysubstance use should be raised in the measurement of 
substance patterns and the interpretation of study results. TLFB and unsupervised random forest 
provide an approach for a more accurate categorization of polysubstance use. 
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Substance use refers to the consumption of psychoactive substances, including illicit drugs, 
alcohol, and tobacco, over a specific period of time. The prevalence of substance use in the 
United States has remained high in the past few years. In 2016, 28.6 million (10.6%) Americans 
aged 12 or older, were current illicit drug users. An estimated 65.3 million (24.2%) Americans 
aged 12 years or older,  reported binge drinking (³5 drinks for males and ³4 drinks for females 
on the same occasion on at least 1 day) in the past month[1]. Substance use poses serious public 
health concerns in the United States. It can lead to short- and long- term health consequences 
both mentally and physically, including addiction, dependence symptoms, depression, cancer, 
and infectious disease [2]. Apart from the direct health impacts on the people who take the 
substance, the people around them in a family or a community can also be affected in various 
aspects, e.g., relationship [3], and criminal involvement [4]. It is estimated that the annual cost for 
Americans to address the impact of substance use is over $600 billion [5]. 
 
Single drug use has become progressively scarce in the community and clinical settings [6].  
Multiple drugs can be taken simultaneously in order to strengthen the effect on central nervous 
system [7] and create an intense high, or sequentially to prevent withdrawal symptoms [8] or 
simply to take others as alternatives when the one that is dependent on is not available. The term 
“Polysubstance use” broadly describes consumption of more than one substance within a defined 
period.  It is usually considered as more hazardous than single substance use, because it can 
boost toxicity, and cause overdose and mental health disorders [9, 10, 11, 12]. Due to the possible 
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interactions of different drugs, the effect of polysubstance use is not equal to the sum of the 
effect of each substance used separately. Hence, prior studies on one single type of substances 
render limited implications for polysubstance use, and direct investigation in multiple drug use is 
needed.  
 
In fact, considerable studies have been conducted examining the risk factors [13,14] and health 
consequences [15,16] of polysubstance use, as well as the efficacy of interventions[17]. However, 
identification of polysubstance use profiles has always been a challenge owing to the practical 
obstacle in collecting every combinations of drugs used in the past and their frequencies, as well 
as the methodological challenge to appropriately classify them for analysis when the detailed 
information is available. Polysubstance patterns were categorized based on the number of 
substance types in some studies, and on the different combinations of substance types in others. 
Among the studies with the latter criteria for categorization, the length of periods the substance 
use was measured for varied from two weeks to lifetime [18], yet none of the resulted substance 
use profiles managed to exclude the potential heterogeneity between concomitant (taken at the 
same time) and sequential (one drug followed by another) multiple substance use. Accurately 
speaking, polysubstance use was defined as having a multiple-drug-use history during the 
specified period in these studies. The results of the studies were thus the overall estimated effect 
of multiple drug use on the health consequences, averaging out the potential variation between 
the concurrent use and sequential use. Both risk factors and health consequences may both differ 
between the two behaviors, since the motivation of drug use and the level of drug interactions 
can be different. Therefore, the variation should be aware of when interpreting the results and 
utilizing that for guiding the intervention.  
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It would be scientifically meaningful if more accurate identification of polysubstance use 
patterns can be developed so that the prevalence of polysubstance use and its relationship to 
public health burden can be measured with a better defined exposure. To accomplish that, there 
are mainly two challenges to be addressed, namely accurate measures of polysubstance use and 
appropriate statistical analysis methods. Timeline follow back (TLFB), a retrospective calendar-
based, self-reported measure of daily substance use, has been widely employed in research for 
use of both alcohol, which was initially designed for, and has also been extended to marijuana 
and other illicit drugs [2, 19]. TLFB has been shown to have a high agreement with biological 
measures for substance use [20], and considered as a psychometrically sound instrument for the 
accuracy of the measurement and the sensitivity to changes in substance use [19, 21]. With more 
specific information collected using TLFB, the data dimensionality is further increased compared 
with the commonly used quantity-frequency (QF) measurement. Though the data dimensionality 
was relatively low, previous studies using QF still faced impediment to statistical analysis due to 
small cell frequencies [18]. Latent class analysis (LCA) was the method most frequently used to 
deal with the high dimensionality of data in recent studies [18]. It derives classes with 
probabilistic model describing the distribution of the data and thus avoids bias that may exist in 
the traditional clustering approaches due to arbitrarily chosen measure of dissimilarity [22]. 
However, LCA has its limitation dealing with continuous indicators (needed to be discretized). 
Unsupervised random forest, although is new to field of polysubstance use, has been successfully 





The current study aimed to bridge the gap by exploring the daily substance use pattern, as well as 
every 2 days and weekly during the 30 days of period, and assessing the stability of the pattern 
for each individual across time. The study leveraged use of a 30-day timeline follow back (TLFB) 
data of women with at-risk alcohol use attending the urban STI clinic. The use of multiple drugs 
in the same day was approximated as concurrent. Hierarchical clustering with unsupervised 
random forest was employed to develop clusters of polysubstance use patterns. The transition 
among different polysubstance use patterns were explored utilizing the 2-day and weekly clusters, 







Participants were recruited between September 2012 and May 2015 from two STI clinics in 
Baltimore, MD. Participants were enrolled for a randomized clinical trial for computerized brief 
alcohol intervention as a part of the “SHARP Women Study”. We restricted the data to the 
investigation of their substance use patterns before intervention. Women were eligible for 
enrollment of the trial if they were ³18 years of age, not pregnant, drank at risky levels (defined 
as >7 standard drinks per day or >=4 drinks on one occasions or reported sex under the influence 
of alcohol)  in the prior three months , had their own cell phone and used text messaging (for 
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later intervention), and would not move out in the next 12 months.. All 439 women enrolled in 




Daily use of substances, including alcohol, marijuana, cocaine, heroin, and prescription drugs 
was measured with the TLFB [19, 25] method over the 30-day period prior to baseline. Among the 
five types of substances, alcohol use was collected as the number of standard drinks the 
individual had on that day, other four drugs were collected as binary variable [25]. From the 
clinical perspective, alcohol use was also classified as binge or not, with the cutoff of four or 
more standard drinks for women, approximate to blood alcohol concentration of 0.08g/dL 
defined as binge by National Institute of Alcohol Abuse and Alcoholism (HIAAA) [26]. Data of 
13167 days were recorded with 1-day missing data from 2 participants respectively. We 
excluded 77 days from 16 participants due to controlled environment to avoid their potential 
effect on substance use change. The controlled environment included hospital, incarceration, 
inpatient substance abuse rehabilitation program, nursing home and group home. Age, race, 
education, marital status, children, living situation, employment, income, smoking, and HIV 




Polysubstance use patterns were investigated on the one-day, two-day, and week bases. The two-
day-level data were generated from the 30 days for each individual by a two-day moving 
window. In order to capture potential regularity of polysubstance use pattern on certain 
weekdays and weekends, the week-level data included any whole weeks from Saturday to 
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Sunday for each individual, instead of being generated by a seven-day moving window. To deal 
with the high dimensionality of the data, unsupervised random forest was conducted to generate 
the dissimilarity measure, with which hierarchical clustering was employed to form clusters for 
polysubstance use patterns on the three level bases respectively.  
 
Random forest is an ensemble statistical learning method for both classification and regression 
[27] (in this study, it was used for classification).  The main steps involved in the procedure 
include 1) generating “pseudo training sets” via bootstrap, 2) growing trees (training the method) 
on each training sets, with a subset of the predictors randomly sampled as candidates for each 
splitting node, 3) averaging all the predictions from the trees by the majority vote. Bootstrap 
aggregation (bagging) averages all the predictions of bootstrapped samples from the original 
dataset, which reduces the variance due to overfitting of each tree while has the advantage over 
pruning classification/ regression trees in that bagging trees can grow deep so that the prediction 
bias does not increase [28]. Random forest is a further improvement of bagged trees, which de-
correlates trees by randomly selecting candidate variables for each splitting so that trees can 
grow deeper to reduce the prediction bias [28]. This was especially relevant in this study due the 
high correlation between binge drinking and drinking quantity. While random forest is mainly 
employed for supervised learning, it can also be used to produce in unsupervised learning to 
produce proximity matrix, which can then be transformed to dissimilarity measure for clustering 
(1). This method has been successfully used in some genomic analysis [23, 24]. The main idea is to 
suitably generate synthetic data labeled as the artificial class, and construct random forest 
predictors to distinguish the synthetic data and observed data [23]. Compared with traditional 
dissimilarity measure, e.g., Euclidean distance, unsupervised random forest has the advantage of 
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being robust to outliers and handling mixed types of variables well [23], which is helpful in 
dealing with one continuous variables, i.e., drinking quantity, together with other five binary 
variables. Random Forest SRC package in R was used for the unsupervised random forest. The 
number of variables randomly selected as candidates for splitting, mtry, was set to the default, 
which is one third of the total number of predictors. The number of trees, ntree, was also set to 
the default of 500. 
 Dissimilarity= 1 − #$%&'(')*                                                                                (1) 
 
Hierarchical clustering is a widely applied approach to detect clusters in many different areas, 
ranging from biology to genomics to computer vision [29, 30, 31]. It is a bottom-up method, which 
generates the dendrogram by starting at each object within its own cluster, and identifying the 
closest object to merge into a new cluster until all the objects were in one cluster [28]. Not like K-
means clustering, it does not require a pre-specified number of clusters, K [28].  Hclust function in 
R was used for hierarchical clustering. The Dynamic Hybrid method, available in the R package 
of Dynamic Tree Cut, was used for detect clusters in the dendrogram, which is good at outlier 
detecting and outperformed the Static height cutoff method in the gene data analysis by 
Langfeler et al [32]. Given low frequencies in some clusters, the clusters that were very close, 
always only moderately different in drinking quantity, were merged for further analysis on the 
one-day level. For the convenience of visual display of transitions, clusters were recoded with 
the same types of substances coded close to each other, and in the order of the potential risk of 
hazardous effects in large. 
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The substance use patterns for each individual during the 30 days were shown in the lasagna plot, 
which is a heatmap adapted to display the longitudinal data [33]. The stability of polysubstance 
use for each individual across time was assessed through the trend of polysubstance use pattern 
in the two-day and week base clusters. It was also examined via multistate model with the one-
day base clusters by estimating the transition probability from one cluster to another and sojourn 
time of each cluster. The sojourn time refers to the expected time the person spends in one state 
(cluster) before leaving for another. model is often seen as an extension to competing risk model, 
which deals with intermediate states [34], and does not require one single transition and several 
absorbing final states. Figure1 shows one example of the model. Any of the three clusters can be 
the initial state for individuals, and transition between any two of them is possible. The p12 in the 
transition probability matrix represents the probability of transitioning from Cluster1 to Cluster2. 
The msm package in R was used for the study. The results of the multistate model were stored as 
transition intensities, the instantaneous risk of moving from state r to s, from which the transition 
probability can be calculated. The Markov model assumes that the next state the individual will 
be in and the time at which this will happen only depend on the present state. With days of 
controlled environment excluded, this assumption was likely to hold for the study. As the day 
was taken as the time unit, and the substance use on each day was assumed to occur concurrently, 
the observed transition times were considered as the exact times. The effect of age and smoking 
addiction on the transition were also examined in the model. Due to the limitation of the number 
of variables that can be included in the model given some small cell frequencies of certain 
clusters, smoking addiction was only estimated with the time to the first cigarette after waking up, 
and was reclassified as “don’t smoke”, “over 60 minutes”, and “within 60 minutes”, and age was 
taken as a continuous variable. The effect of the covariates on transition was assessed through 
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demographics of the participants were shown in Table1. The participants were predominantly 
Black women except for one. The median age was 31 years old, with the range from 18 to 66. Of 
the 439 women, 72.0% had never married, and 68.1% had children. 52.8% of the participants 
had their own apartment, 82.2% were full-time employed, and 82.5% had an annual income 
equal or less than $15,000. Current smokers accounted for 56.0% of the participants, 85.8% of 
whom had the first morning cigarette within 60 minutes after waking up. A small proportion of 
participants had HIV (8.7%). 
 
Determining concurrent polysubstance use by reporting the number of substances used in the 
past 30 days does not capture the heterogeneity in the use of multiple substances. Table 2 
showed the number of substances reported being used in the past 30 days, whereas data from the 
TLFB provides the median proportion of days reporting the concurrent use. 
 
Participants who reported to have used single substance had a median proportion of 0.17 of the 
days taking 1 substance during the 30-day period. Participants who reported to have used 2 types 
of substances had a median proportion of 0.07 of the days taking 2 substances during the 30-day 
period. Participants who reported to have used 3 types of substances, had a median proportion of 
0.03 of the days taking 3 substances during the 30-day period. Participants who reported to have 
used 4 types of substances, had an expected proportion of zero of the days taking 4 substances 
during the 30-day period. Participants who reported to have used 5 types of substances, had an 
expected proportion of 0.03 of the days taking 5 substances during the 30-day period. 
 
Polysubstance use pattern on the one-day level 
 
 11 
After Excluding the 77 days of controlled environment and 2 days of missing records, a total of 
13090 days from 439 participants were included in the analysis of the polysubstance use on the 
day level. We used hierarchical clustering with unsupervised random forest to form clusters for 
the daily polysubstance use patterns. Thirteen clusters were finally generated with the Dynamic 
Tree Cut. (Table3, Figure2.) 
 
Cluster1 had the largest sample size, 49.36% of the day observations. It comprised the days when 
individuals did not take any of the five types of substances. Cluster5, Cluster10, and Cluster13, 
consisting of 4.19%, 1.12%, and 0.84% of the observations, referred to the days at low risk of 
negative health consequences, when individuals only had low quantity of drinks with the average 
of 2.22, 1.14, 0.75 standard drinks respectively without any other drugs combined. Cluster2, 
Cluster3, and Cluster8 were composed of single substance use, either binge  alcohol use or 
marijuana. Cluster2, consisting of 13.14% of the observations, referred to the days when the 
individual took marijuana without any of other four substances combined. Cluster3 comprised 
10.18% of the observations. Individuals on the day of Cluster3 had binge drinking, with an 
average of 5.59 standard drinks without any other drugs combined. Cluster8 consisted of 3.51% 
of the observations. Individuals had binge drinking with an average of 11.12 standard drinks 
without any other drugs combined. Cluster4, Cluster6, and Cluster9 had use of both alcohol and 
marijuana. Cluster4 consisted of 6.05% of the observations. Individuals on the day of Cluster4 
had binge drinking, with the average of 7.16 drinks and all took marijuana. Cluster6 comprised 
3.73% of the observations, with an average of 23.33 drinks and 39% marijuana use. Cluster9 
consisted of 2.48% of the observations. It referred to the days when individuals had an average 
of 1.84 standard drinks without binge, and all had marijuana use. Cluster 11 referred to 60% of 
 12 
the observations using cocaine and 40% using heroin, counting for 1.00% of the observations. 
Cluster7 and Cluster12 were two clusters likely to have the highest risk of hazardous effects. 
Cluster 7 comprised 3.54% of the observations. The proportion of reported substance use on the 
day of the cluster was positive for all five types of substances, namely, 0.98 for binge, 0.24 for 
marijuana, 0.61 for cocaine, 0.37 for heroin, and 0.17 for prescription drugs. The mean of drinks 
individuals had on the day of this cluster was 14.33. Cluster12 comprised 0.86% of the 
observations. No binge drinking was reported on the day of the cluster, with an average of 0.77 
standard drinking, but all the four drugs were reported for use with proportions of 0.38 for 
marijuana, 0.42 for cocaine, 0.30 for heroin, and 0.38 for prescription drugs.  
 
Transition among different substance use patterns on the day level 
 
Participants had been in four different clusters during the 30 days on average. In order to further 
investigate the transition among clusters for individuals, transition probabilities and sojourn 
times were calculated using multistate model. The effect of age and time to first cigarette after 
waking up (as an estimate of nicotine addiction) on the transition were examined. Given the 
small frequencies of some clusters, clusters that were similar in terms of the types of substances 
used and potential risk of hazardous effect, namely, Cluster5, Cluster10, and Cluster13 as having 
low quantity of drinks only, as well as Cluster3 and Cluster8 as binge drinking only, were 
merged for the analysis. The clusters were regrouped based on the description of patterns noted 
in Table4. 
 
The substance use pattern during the 30 days of the 439 participants were shown in the lasagna 
plot. Each row represented one individual, and each column corresponded to the day. The rows 
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in the plot was sorted by the cluster on the first day, with the gradient of color corresponding to 
the number of patterns (lightest, 1; darkest, 10; white, missing data/excluded for controlled 
environment) (Figure3). In general, people tended to alternate among similar clusters (with 
similar color), and abstinence was commonly taken as an interim for all the groups based on the 
first day substance use. There was a large proportion of the study population did not use any 
substance for more than half of the month, while took alcohol or marijuana, or the two combined 
occasionally. There was also a few proportion with single substance use of marijuana as a 
predominant substance use pattern with occasional binge drinking. Some individuals used 
cocaine, heroin, and prescription drugs occasionally, while some took those with or without 
marijuana or alcohol for most of the days. 
 
The probabilities for each transition between two patterns in consecutive two days were listed in 
Table3. The column represented the current state and the row represented the state in the next 
day. The values on the diagonal were the probabilities remaining in the same state for two 
consecutive days, which all turned out to be the largest among their respective row, indicating 
that regardless of the current state, participants tended to remain in the same cluster for the next 
day. This was consistent with the sojourn times (Table5), which were all above 1 day. Among 
the 10 states, abstinence had the longest sojourn time of 3.89 days, meaning that people on 
average remained as not having any substance use for 3.89 days. The next two states following in 
the rank were mild to moderate alcohol use with some use of marijuana, cocaine, heroin, and 
prescription drugs, and single substance use of marijuana, with a respective sojourn time of 2.69 
days and 2.57 days, suggesting that these two patterns of substance use were more likely to 
maintain in the next day compared with other substance use pattern (except for abstinence). The 
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state of binge drinking with some use of marijuana, cocaine, heroin, and prescription drugs was 
considered with the highest risk of negative health consequences. The polysubstance use patterns 
across time for this pattern during the 30 days were shown in Figure4. The long sojourn time 
may be attributed to the individuals who predominantly stayed in this highest risky pattern 
during the 30 days, such as subject 25, 69, 119, and 185. Some individuals remained in the last 
three patterns for most of time, e.g., subject 161, 245, and 254, suggesting their frequent use of 
cocaine, heroin, and prescription drugs. There were also quite a few individuals who 
predominantly stayed in low risky patterns, e.g., abstinence and mild to moderate drinking, and 
jumped into the highest risky pattern occasionally. 
 
Among the days when substance use patterns changed on the next day, the probabilities of 
transitioning to each other patterns were shown in Table6. Abstinence had a positive probability 
of transitioning to any other patterns. Binge drinking and mild to moderate alcohol use were the 
two most frequent patterns following abstinence, with a respective probability of 0.43 and 0.24. 
This high probability of transition was also mutual, as the probabilities of transitioning from 
binge drinking to abstinence and from mild to moderate alcohol use to abstinence were 0.72 and 
0.69, the highest among all the clusters for the probabilities of transitioning to abstinence. There 
were a total of 72 individuals among the 439 that had the substance use patter alternating among 
abstinence, mild to moderate alcohol use, and binge drinking during the 30 days, 19 individuals 
between abstinence and mild to moderate alcohol use, and 26 individuals between abstinence and 
binge drinking. That accounted for about one-fourth participants that only used alcohol without 
any of other four substances. Single substance use of marijuana had a probability of 0.33 
transitioning to abstinence, 0.23 to marijuana use with mild to moderate alcohol use, 0.26 to 
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binge drinking and marijuana use. The two states of marijuana use with mild to moderate alcohol 
use, and binge drinking with marijuana use also had a higher probability of transitioning to single 
substance use of marijuana compared with transitioning to other states, with a respective 
probability of 0.49, and 0.39. These three patterns all had 100% taking marijuana, only with a 
difference in alcohol intake, namely 0 for pattern 4, light drinking for pattern5, and binge 
drinking for pattern 7. This described an important transition pattern for some individuals 
predominantly taking marijuana, where they remained taking marijuana with alcohol use 
fluctuating between days. The other similar cluster in terms of types of substances was binge and 
some marijuana use with a median alcohol use of 19 standard drinks, as well as 0.39 proportions 
of taking marijuana, which mainly transitioned to binge or (and) marijuana use.  Some cocaine 
and heroin use had a 0.60 probability of transitioning to abstinence, and 0.21 probability 
transitioning to the state of binge drinking with some use of marijuana, cocaine, heroin, and 
prescription drugs. It tended to transition to binge compared with mild to moderate drinking, and 
transition to concurrent use of marijuana and other drugs than marijuana use only. The pattern of 
mild to moderate drinking with some use of marijuana, cocaine, heroin, and prescription drugs 
had a dispersed distribution of the next state, with a probability of 0.13 transitioning to 
abstinence, 0.08 to mild to moderate drinking, 0.15 to binge, 0.14 to single substance use of 
marijuana, 0.10 to binge and some marijuana use, and 0.09 to binge drinking with some use of 
marijuana, cocaine, heroin, and prescription drugs. The pattern of binge drinking with some use 
of marijuana, cocaine, heroin, and prescription drugs had nearly half chance of transitioning to 
abstinence, a probability of 0.12 transitioning to binge only, and a probability of 0.13 to mild to 
moderate drinking with some use of marijuana, cocaine, heroin, and prescription drugs. 
 
 16 
The effect of covariates was assessed based on the covariate estimate (Table7). While limited 
information (large 95% confidence intervals) was provided owing to the small frequencies of 
some clusters, there appeared to be an association between having the first cigarette within 60 
minutes and the transition in abstinence. The individuals who had the first cigarette within 60 
minutes had a 0.37 (95% confidence interval: 0.22, 0.50) lower hazard ratio of transitioning from 
abstinence to mild to moderate drinking over maintaining abstinence compared to non-smokers. 
However, they had a statistically significant higher hazard ratio of transitioning from abstinence 
to binge, marijuana, or combinations of the five substances over maintaining abstinence 
compared with non-smokers. 
 
The fluctuations of polysubstance use patterns between two consecutive days were displayed by 
clustering on the two-day level (Figure5). A total of 12,637 observations of polysubstance use 
were generated with a 2-day moving time window based on the 10,390 observations on the day 
level. Seventeen clusters were then generated with the same method as the daily level. 35.55% of 
the observations were no-substance use for both days. Apart from the no-substance use cluster, 
the overall shape of the cluster can be categorized into two groups. One was that the two days 
mainly differed in whether one (or more) type(s) of substance was used. For instance, Cluster5 
had binge on the first day while not on the second day.  This group contained 24.89% of the 
observations, including Cluster5, 6, 7, 8, 9, 11, 14, 16, and 17. The other group was that the 
substance use was nearly symmetric between the two days. For instance, Cluster 4 only had 
marijuana on both days. This group contained 35.55% of the observations, including Cluster2, 3, 
4, 10, 12, 13, and 15. 
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Polysubstance use pattern on the week level 
 
A total of 15 clusters were generated from 1470 week observations on the week level (Figure6). 
All the clusters, except the abstinence (Cluster2) and Cluster4, had an evident surge of certain 
substance use on Friday or weekend. The increase of use on Friday or weekend did not only 
occurred to alcohol but also other four drugs. The most frequent weekly pattern was Cluster1, 
which had a positive proportion of binge, marijuana, cocaine (<0.2), heroin (<0.05), prescription 
drug (<0.05) on each day of the week with an increase use in each substance, except prescription 
drugs, on Friday and Saturday. This was different from the day level, where no-substance use 
was the most common one. The use of substances in Cluster4 fluctuated during the week with a 
slight increase in heroin and alcohol on Monday and decrease in alcohol use on Friday and 
Saturday.  
 
Transition among clusters on the week level 
 
The probability of transitioning to each cluster was displayed in Table8, and the mean sojourn 
time of the week level was displayed in Table9. Unlike the frequency distribution of clusters the 
day level, the cluster that had no use of any substance, i.e., Cluster2, was not the one that had the 
longest sojourn time, which can be attributed to the enrollment criteria of the study that each 
participant had at-risk alcohol use. Consistent with largest proportion of observations, Cluster1 
had the longest sojourn time of 4.33 weeks, which suggested that individuals who had a week 
polysubstance use pattern of Cluster1 were expected to remain in the same pattern for the whole 





The study leveraged on the richness of data with a relatively small sample size to examine 
specific day-to-day polysubstance use patterns. On the day level, there were mainly three groups 
of individuals in terms of the transition: 1) alcohol use only, alternating among no-substance use, 
light to moderate drinking, and binge alcohol use, 2) marijuana and alcohol use, keeping 
marijuana use for most of the time while drinking or binge drinking occasionally, 3) cocaine and 
heroin use, with some having cocaine, heroin, prescription drugs, marijuana, and binge drinking 
for most of the days, and some alternating between the taking the five substances, and abstinence 
or binge drinking or (and) marijuana use. For the substance use in the two-day moving window, 
apart from the 35.55% observations did not use any substance on both days, 39.55% 
observations had a symmetric substance use pattern between the two days, and 23.22% were not 
symmetric. Among the non-symmetric clusters, the difference between the two consecutive days 
mostly lay in the alcohol use and a few in marijuana use. However, the detection of the evident 
changes in alcohol and marijuana use may not be a simple reflect of the properties of the two 
substances, but partly attributed to the overwhelming proportion of users of the two substances 
and alcohol was collected as the continuous variable, yet a low proportion of users of cocaine, 
heroin, and prescription drugs in the study population. Based on the weekly pattern of 
polysubstance use, an increase of use on Friday and weekend was observed in all five substances 
respectively or with some combined. Cluster1 on the week level, where there was a positive 
proportion for all the five substance use on each day of the week with an increase use in all 
substances except prescription drugs on Friday and Saturday, was estimated to remain in the 
same cluster during all the 30 days, indicating that there was a group of individuals in the study 
 19 
population who were highly dependent on multiple drugs, including both soft and hard drugs. 
Compared with the large proportion of abstinence on the day level, it suggested that the study 
population had a low proportion (9.05% on average) of having the whole week of no-substance 
use, and the day of abstinence mainly served as an interim between two days of some substance 
use. There was also some evidence suggesting the association between nicotine addiction, 
estimated by the time to first cigarette after waking up, and the transition of polysubstance use 
patterns. A crude assessment indicated that the common strategy to measure polysubstance use 
by asking the types of substances used during the last 30 days represented less than 8 days of 
concurrent polysubstance use on average. Therefore, the effect of multiple drug use assessed 
based on that measurement of polysubstance use may not represent the effect of the concomitant 
polysubstance use pattern. 
 
The study has a few limitations. First, the study population were predominantly Black, non-
Hispanic adult women attending the STD clinic, 82.2% of whom were full-time employed, and 
82.5% of whom had annual income equal to or below $15,000. Therefore, the generalizability in 
terms of the prevalence of polysubstance use and clustering results of polysubstance use was 
limited. Second, dose of marijuana, cocaine, heroin, and prescription drug use was not measured, 
thus, changes of these drugs were not captured as well as alcohol. Finally, the frequencies of 
cocaine, heroin, and prescription drugs were very low in the participants, posing the difficulties 
in running statistical analysis. 
 
The study has important implications for future research and interventions in polysubstance use 
in the specific social and cultural setting, and provides an application of machine learning to 
 20 
descriptive epidemiology for data mining. Awareness of the concurrency of polysubstance use 
should be raised in the measurement of substance patterns and the interpretation of study results. 
Compared with the common assessment of types and frequencies for polysubstance use, the 
TLFB method has an exclusive advantage of improving the accuracy of identification of 
polysubstance use patterns, which provides measures of time-varying exposures to examine 
short-term effects of polysubstance use. It provides guidance for interventions by helping to 
better understand polysubstance use patterns in a specific population, and to evaluate the effect 
of intervention on particular substance, e.g., alcohol, as the reduction of daily intake can be 
calculated. Further research can be done based on this study to investigate the association 
between specific polysubstance use patterns and short- and long-term health consequences, as 
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 Demographic characteristics of the participants 
 
Variables N=439 
Age, median (IQR) 31 (25, 44) 
Race (%)  
    Black 438 (99.8) 
    White 1 (0.2) 
Hispanic or Latina (%) 
    No 422 (96.1) 
    Yes 17 (3.9) 
Education (%)  
    < High school 133 (30.3) 
    High school/GED 131 (29.8) 
    >High school 175 (39.9) 
Marital Status (%)  
    Single (never married) 316 (72.0) 
    Married 24 (5.5) 
    Separated 26 (5.9) 
    Divorced 47 (10.7) 
    Widowed 8 (1.8) 
    Cohabiting 18 (4.1) 
Living with children (%)  
    No children 140 (31.9) 
    Having children but not living together 86 (19.6) 
    Living with children 213 (48.5) 
Living Situation (%) 
     Stable housing 232(52.8) 
    Unstable housing 207 (47.2) 
Employment (%)  
    Full-time employed 361 (82.2) 
    Part-time employed 29 (6.6) 
    Student 9 (2.1) 
    Unemployed 40 (9.1) 
Income (%)  
    $ 0-5,000 215 (49.0) 
    $ 5,001-15,000 147 (33.5) 
    >$15,000  77 (17.5) 
Time to first cigarette after waking (%)  
    Do not smoke 193 (44.0) 
    Within 5 minutes 119 (27.1) 
    6 - 30 minutes 71 (16.2) 
    31-60 minutes 21 (4.8) 
    Over 60 minutes 35 (8.0) 
Cigarettes per day (%)  
       0 193(44.0) 
    <10 132 (30.1) 
    ³10 114 (26.0) 
HIV positive (%)  
    No 401 (91.3) 
    Yes 22 (5.0) 
    Unsure 16 (3.6) 
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days with zero 
substances used 
Proportion of 
days with one 
substance used 
Proportion of 
day with two 
substances used 
Proportion of 
days with three 
substances used 
Proportion of 
days with four 
substances used 
Proportion of 
days with five 
substances 
used 
1 0.83 (0.63, 0.90) 0.17 (0.10, 0.37) - - - - 
2 0.47 (0.07, 0.73) 0.40 (0.20, 0.63) 0.07 (0.03, 0.20) - - - 
3 0.37 (0, 0.63) 0.25 (0.17, 0.48) 0.15 (0.07, 0.32) 0.03 (0, 0.08) - - 
4 0.43 (0.37, 0.60) 0.17 (0.13, 0.20) 0.2 (0.13, 0.30) 0.07 (0.03, 0.07) 0 (0, 0.03) - 





 Transition probability matrix of polysubstance use clusters on the day level 
 
* Abs, abstinence; D, drinking; B, binge; M, marijuana; C, cocaine; H, heroin; Rx, prescription drugs; s, some; mi, mild; mo, moderate. 
The groups corresponded to the original clusters as follows. Abs: Cluster1; Mi to mo D: Cluster5, Cluster10, and Cluster13. B: Cluster3, and Cluster8; 
M:Cluster2; M+mi to mo D:Cluster9; B+sM:Cluster6; B+M: Cluster4; SC+sH: Cluster11; Mi to mo D+sM+sC+sH+sRx: Cluster12; 
B+sM+sC+sH+sRx: Cluster7.  
The name of the row referred to pattern on the first day and the name of the column referred to the pattern on the second day. 
 
 
 Abs Mi to mo D B M M+mi to 
mo D 





Abs 0.81 0.04 0.08 0.03 0.01 0.01 0.01 0.00 0.00 0.01 
Mi to mo D 0.34 0.49 0.10 0.02 0.01 0.01 0.01 0.00 0.00 0.00 
B 0.30 0.04 0.58 0.02 0.00 0.02 0.02 0.00 0.00 0.01 
M 0.12 0.01 0.02 0.70 0.05 0.02 0.07 0.00 0.00 0.00 
M+mi to mo D 0.13 0.03 0.03 0.22 0.48 0.02 0.09 0.00 0.00 0.00 
B+sM 0.19 0.03 0.08 0.05 0.02 0.58 0.04 0.00 0.00 0.01 
B+M 0.13 0.01 0.05 0.15 0.04 0.03 0.58 0.00 0.00 0.01 
Sc+sH 0.27 0.02 0.05 0.01 0.00 0.00 0.01 0.54 0.02 0.08 
Mi to mo 
D+sM+sC+sH+sRx 0.20 0.03 0.07 0.06 0.01 0.04 0.02 0.01 0.52 0.04 





 Mean sojourn times for each cluster at the day level 
 
* SE, standard error. 
Abs, abstinence; D, drinking; B, binge; M, marijuana; C, cocaine; H, heroin; Rx, prescription drugs; s, 
some; mi, mild; mo, moderate. 
 
 






Estimates SE 95% Confidence Interval 
Abs 3.89 0.10 3.69 4.10 
Mi to mo D 1.37 0.06 1.25 1.50 
B 1.73 0.06 1.62 1.85 
M 2.57 0.13 2.32 2.85 
M+mi to mo D 1.32 0.10 1.14 1.54 
B+sM 1.82 0.14 1.56 2.12 
B+M 1.74 0.11 1.54 1.97 
Sc+sH 1.64 0.93 0.54 4.98 
Mi to mo 
D+sM+sC+sH+sRx 1.52 0.28 1.07 2.18 





Probability matrix of transitioning to each other clusters on the day level 
 
* Abs, abstinence; D, drinking; B, binge; M, marijuana; C, cocaine; H, heroin; Rx, prescription drugs; s, some; mi, mild; mo, moderate. 









 Abs Mi to mo D B M M+mi 
to mo 
D 





Abs - 0.24 0.43 0.12 0.03 0.05 0.06 0.01 0.02 0.04 
Mi to mo D 0.69 - 0.21 0.03 0.02 0.02 0.01 0.00 0.01 0.00 
B 0.72 0.12 - 0.03 0.00 0.06 0.05 0.00 0.00 0.02 
M 0.33 0.03 0.05 - 0.23 0.07 0.26 0.00 0.02 0.01 
M+mi to mo D 0.20 0.06 0.03 0.49 - 0.02 0.19 0.00 0.01 0.01 
B+sM 0.43 0.07 0.20 0.11 0.04 - 0.12 0.00 0.01 0.01 
B+M 0.26 0.01 0.11 0.39 0.12 0.07 - 0.00 0.00 0.03 
Sc+sH 0.60 0.03 0.08 0.00 0.01 0.00 0.01 - 0.06 0.21 
Mi to mo 
D+sM+sC+sH+sRx 
0.37 0.08 0.15 0.14 0.00 0.10 0.03 0.04 - 0.09 











First cigarette £60 
min after waking up 
First cigarette >60 
min after waking up 
Age 
 
Abs - Abs    
Abs - Mi to mo D 0.63 (0.50,0.78) 0.69(0.48,1.00) 0.99 (0.98,0.99) 
Abs - B 1.49 (1.26,1.75) 1.16 (0.88,1.53) 1.00 (1.00,1.01) 
Abs - M 1.95 (1.47,2.57) 0.64 (0.33,1.26) 0.94 (0.92,0.95) 
Abs - M+mi to mo D 3.14 (1.69,5.83) 1.48 (0.46,4.78) 0.93 (0.90,0.96) 
Abs - B+sM 6.02 (3.67,9.89) 3.25 (1.52,6.95) 0.95 (0.93,0.97) 
Abs - B+M 3.43 (2.15,5.46) 1.23 (0.49,3.11) 0.97 (0.95,0.99) 
Abs - SC+sH 15.60 (3.96,61.52) 4.09 (0.65,25.79) 1.05 (1.02,1.08) 
Abs – Mi to mo 
D+sM+sC+sH+sRx 
4.40 (2.04,9.47) 0.49 (0.05,4.68) 1.00 (0.98,1.03) 
Abs - B+sM+sC+sH+sRx 7.06 (3.79,13.13) 1.57 (0.53,4.64) 1.04 (1.03,1.06) 
Mi to mo D - Abs 0.92 (0.73,1.15) 0.89 (0.61,1.30) 1.00 (0.99,1.01) 
Mi to mo D - Mi to mo D    
Mi to mo D - B 1.03 (0.68,1.54) 0.97 (0.48,1.95) 1.00 (0.99,1.02) 
Mi to mo D - M 4.45 (1.98,9.98) 2.79 (0.83,9.42) 0.91 (0.87,0.96) 
Mi to mo D - M+mi to mo D 1.35 (0.36,5.06) 0.23 (0.00,33.63) 1.02 (0.97,1.08) 
Mi to mo D - B+sM 1.42 (0.48,4.17) 0.20 (0.00,10.38) 0.94 (0.89,1.00) 
Mi to mo D - B+M 4.74 (1.01,22.11) 2.86 (0.28,29.30) 0.93 (0.86,1.01) 
Mi to mo D - SC+sH 22.78 (0.37,1392.00) 0.76 (0.00,4.85*10
5
) 1.10 (1.02,1.20) 
Mi to mo D – Mi to mo 
D+sM+sC+sH+sRx 
3.30 (0.49,22.05) 0.51 (0.00,256.60) 1.05 (0.97,1.12) 
Mi to mo D - 
B+sM+sC+sH+sRx 
8.70 (0.60,125.50) 0.60 (0.00,5069.00) 1.13 (1.04,1.23) 
B - Abs 0.90 (0.77,1.05) 1.06 (0.79,1.40) 0.99 (0.98,1.00) 
B - Mi to mo D 0.52 (0.35,0.77) 0.81 (0.40,1.63) 0.98 (0.96,1.00) 
B - B    
B - M 1.17 (0.53,2.59) 0.53 (0.06,4.70) 0.95 (0.92,0.99) 
B - M+mi to mo D 26.20 (0.09,7702.00) 0.65 (0.00,7.91*10
6
) 1.01 (0.92,1.09) 
B - B+sM 2.15 (1.21,3.83) 2.00 (0.78,5.13) 0.99 (0.97,1.01) 
B - B+M 2.49 (1.35,4.57) 1.21 (0.34,4.35) 0.97 (0.95,0.99) 
B - SC+sH 22.76 (0.61,851.30) 0.56 (0.00,2391.00) 1.16 (1.06,1.26) 
B – Mi to mo 
D+sM+sC+sH+sRx 
0.37 (0.058,2.41) 0.31 (0.00,21.25) 1.03 (0.96,1.11) 
B - B+sM+sC+sH+sRx 2.25 (0.92,5.50) 0.92 (0.16,5.40) 1.05 (1.02,1.09) 
M - Abs 1.10 (0.83,1.47) 0.44 (0.20,1.00) 1.02 (1.00,1.03) 
M - Mi to mo D 0.82 (0.35,1.93) 3.07 (1.05,8.99) 0.98 (0.93,1.03) 
M - B 1.41 (0.64,3.09) 0.56 (0.07,4.32) 1.03 (0.99,1.08) 
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M - M    
M - M+mi to mo D 0.89 (0.63,1.27) 0.71 (0.33,1.53) 1.02 (1.00,1.04) 
M - B+sM 1.89 (1.07,3.35) 0.78 (0.18,3.37) 0.98 (0.94,1.02) 
M - B+M 1.28 (0.96,1.72) 0.50 (0.21,1.16) 0.98 (0.96,1.00) 
M - SC+sH - - - 
M – Mi to mo 
D+sM+sC+sH+sRx 
3.54 (0.73,17.09) 0.26 (0.00,72.60) 1.07 (1.00,1.14) 
M - B+sM+sC+sH+sRx 5.99 (0.68,52.98) 0.44 (0.00,1363.00) 1.00 (0.90,1.12) 
M+mi to mo D - Abs 0.53 (0.29,0.98) 0.72 (0.21,2.48) 1.01 (0.98,1.04) 
M+mi to mo D - Mi to mo D 0.98 (0.32,2.97) 1.01 (0.10,10.63) 1.02 (0.96,1.07) 
M+mi to mo D - B 2.44 (0.50,11.77) 0.46 (0.00,278.30) 1.05 (0.99,1.11) 
M+mi to mo D - M 0.95 (0.67,1.36) 0.94 (0.47,1.87) 0.98 (0.96,1.00) 
M+mi to mo D - M+mi to mo 
D 
   
M+mi to mo D - B+sM 0.82 (0.15,4.49) 0.42 (0.00,104.20) 1.04 (0.96,1.12) 
M+mi to mo D - B+M 1.31 (0.74,2.30) 0.18 (0.00,2.33) 0.99 (0.96,1.02) 
M+mi to mo D - SC+sH - - - 
M+mi to mo D – Mi to mo 
D+sM+sC+sH+sRx 
0.82 (0.05,14.07) 0.86 (0.00, 4109.00) 1.08 (0.97,1.20) 
M+mi to mo D - 
B+sM+sC+sH+sRx 
0.92 (0.03,25.10) 0.73 (0.00,3574.00) 1.03 (0.89,1.20) 
B+sM - Abs 0.82 (0.52,1.30) 2.12(1.09,4.15) 0.98 (0.97,1.00) 
B+sM - Mi to mo D 0.15 (0.05,0.41) 0.03 (0.00,5.60) 1.06 (1.01,1.11) 
B+sM - B 1.29 (0.59,2.81) 1.33 (0.38,4.62) 1.03 (1.01,1.06) 
B+sM - M 0.44 (0.25,0.80) 0.18 (0.01,2.33) 0.91 (0.88,0.96) 
B+sM - M+mi to mo D 0.24 (0.06,0.97) 1.39 (0.22,8.68) 1.00 (0.94,1.07) 
B+sM - B+sM    
B+sM - B+M 1.29 (0.57,2.89) 1.54 (0.35,6.72) 0.96 (0.93,0.99) 
B+sM - SC+sH - - - 
B+sM – Mi to mo 
D+sM+sC+sH+sRx 
6.24 (0.04,889.50) 0.48 (0.00,1.77*10
4
) 1.07 (0.99,1.15) 
B+sM - B+sM+sC+sH+sRx 24.80 (0.08,7695.00) 0.36 (0.00,2.83*10
5
) 1.07 (1.03,1.12) 
B+M - Abs 0.71 (0.46,1.08) 1.58 (0.72,3.44) 1.04 (1.02,1.06) 
B+M - Mi to mo D 0.39 (0.07,2.08) 0.57 (0.00,68.24) 1.01 (0.93,1.10) 
B+M - B 1.66 (0.83,3.30) 0.79 (0.12,5.22) 1.04 (1.01,1.07) 
B+M - M 1.02 (0.76,1.37) 1.03 (0.41,2.59) 0.97 (0.96,0.99) 
B+M - M+mi to mo D 0.64 (0.38,1.07) 0.04 (0.00,19.42) 1.01 (0.98,1.03) 
B+M - B+sM 1.26 (0.61,2.61) 1.24 (0.16,9.67) 0.99 (0.95,1.02) 
B+M - B+M    
B+M - SC+sH - - - 
B+M – Mi to mo 
D+sM+sC+sH+sRx 
2.27(0.02,319.70  0.95 (0.00,2.23*10
7
) 0.98 (0.77,1.25) 
B+M - B+sM+sC+sH+sRx 1.18 (0.37,3.82) 0.20 (0.00,20.87) 1.08 (1.03,1.13) 
SC+sH - Abs 0.42 (0.04,4.55) 0.44 (0.03,6.31) 1.02 (0.97,1.07) 









     Probability matrix of transitioning to each clusters on the week level 
 
    * The name of the row referred to pattern on the first day and the name of the column referred to the pattern on the second day. 
 Cluster1 Cluster2 Cluster3 Cluster4 Cluster 5 Cluster 6 Cluster 7 Cluster8 
Cluster1 - 0.09 0.21 0.25 0.06 0.10 0.03 0.05 
Cluster2 0.22 - 0.00 0.17 0.07 0.08 0.19 0.07 
Cluster3 0.69 0.00 - 0.00 0.03 0.00 0.00 0.00 
Cluster4 0.41 0.11 0.02 - 0.09 0.07 0.02 0.04 
Cluster5 0.25 0.15 0.00 0.20 - 0.03 0.15 0.08 
Cluster6 0.44 0.09 0.00 0.09 0.00 - 0.06 0.09 
Cluster7 0.07 0.24 0.00 0.10 0.14 0.07 - 0.07 
Cluster8 0.19 0.04 0.00 0.00 0.04 0.19 0.15 - 
Cluster9 0.40 0.24 0.00 0.04 0.04 0.16 0.00 0.08 
Cluster10 0.17 0.00 0.50 0.00 0.08 0.00 0.00 0.00 
Cluster11 0.11 0.28 0.00 0.06 0.22 0.00 0.17 0.11 
Cluster12 0.25 0.31 0.00 0.06 0.13 0.00 0.13 0.06 
Cluster13 0.18 0.27 0.00 0.09 0.09 0.00 0.00 0.09 
Cluster14 0.29 0.07 0.00 0.21 0.00 0.07 0.00 0.14 
Cluster15 0.43 0.00 0.36 0.00 0.00 0.00 0.00 0.00 
 Cluster9 Cluster10 Cluster11 Cluster12 Cluster13 Cluster14 Cluster15  
Cluster1 0.11 0.04 0.00 0.02 0.02 0.03 0.02  
Cluster2 0.02 0.00 0.05 0.05 0.02 0.07 0.00  
Cluster3 0.00 0.17 0.00 0.00 0.00 0.00 0.11  
Cluster4 0.04 0.00 0.02 0.11 0.06 0.02 0.00  
Cluster5 0.03 0.00 0.03 0.08 0.00 0.03 0.00  
Cluster6 0.16 0.00 0.00 0.03 0.00 0.03 0.00  
Cluster7 0.03 0.00 0.17 0.07 0.00 0.03 0.00  
Cluster8 0.19 0.00 0.15 0.00 0.04 0.04 0.00  
Cluster9 - 0.00 0.00 0.00 0.00 0.04 0.00  
Cluster10 0.00 - 0.00 0.00 0.00 0.00 0.25  
Cluster11 0.00 0.00 - 0.06 0.00 0.00 0.00  
Cluster12 0.00 0.00 0.00 - 0.06 0.00 0.00  
Cluster13 0.09 0.00 0.00 0.00 - 0.18 0.00  
Cluster14 0.00 0.00 0.07 0.00 0.14 - 0.00  
Cluster15 0.00 0.21 0.00 0.00 0.00 0.00 -  
 38 
															Table9. 


























Estimates SE 95% Confidence Interval 
Cluster 1 4.33 0.41 3.61 5.21 
Cluster 2 1.56 0.20 1.21 2.01 
Cluster 3 2.20 0.37 1.58 3.06 
Cluster 4 1.30 0.18 0.99 1.69 
Cluster 5 1.13 0.18 0.83 1.53 
Cluster 6 1.25 0.22 0.88 1.77 
Cluster 7 1.28 0.24 0.89 1.84 
Cluster 8 1.30 0.25 0.89 1.89 
Cluster 9 1.32 0.26 0.89 1.95 
Cluster 10 1.42 0.41 0.80 2.49 
Cluster 11 1.11 0.26 0.70 1.76 
Cluster 12 1.06 0.27 0.65 1.73 
Cluster 13 1.55 0.47 0.86 2.79 
Custer 14 1.21 0.32 0.72 2.05 
Cluster 15 1.43 0.38 0.85 2.41 
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            Figure2. 
Spider plot of clusters on the day level 
1 (n=6461, 49.36%) 2 (n=1720, 13.14%) 3 (n=1332, 10.18%) 
   
4 (n=792, 6.05%) 5 (n=548, 4.19%) 6 (n=488, 3.73%) 
   
7 (n=463, 3.54%) 8 (n=460, 3.51%) 9 (n=325, 2.48%) 
   
10 (n=147, 1.12%) 11(n=131, 1.00%) 12 (n=113, 0.86%) 
   




         Figure4. 
         The 30-day polysubstance patterns of individuals that had binge drinking and some use of marijuana, cocaine, heroin,  

































































0 10 20 30 0 10 20 30 0 10 20 30 0 10 20 30 0 10 20 30
0 10 20 30 0 10 20 30 0 10 20 30 0 10 20 30 0 10 20 30
4 8 25 45 59 62 66 69 76 90
95 108 113 118 119 127 138 142 145 157
161 168 179 185 189 199 211 215 220 221
222 224 225 230 236 241 244 245 248 249
250 251 254 257 260 263 277 278 280 287
289 290 291 294 296 300 315 317 321 324
327 328 330 331 340 344 345 350 355 363
369 373 379 387 391 393 394 398 399 404











                 Spider plot of clusters for the two-day moving time window 
1 (n=4,493, 35.55%) 2 (n=2,220, 17.57%) 3 (n=1,060, 8.39%) 
   
4 (n=971, 7.68%) 5 (n=925, 7.32%) 6 (n=917, 7.26%) 
   
7 (n=279, 2.21%) 8 (n=262, 2.07%) 9 (n=223, 1.76%) 
   
10 (n=221, 1.75%) 11 (n=211, 1.67%) 12 (n=200, 1.58%) 
   





               Spider plot of clusters on the week level 
1 (n=711, 48.37%) 2 (n=133, 9.05%) 3 (n=109, 7.41%) 
   
4 (n=98, 6.67%) 5 (n=57, 3.88%) 6 (n=57, 3.88%) 
   
7 (n=53, 3.61%) 8 (n=51, 3.47%) 9 (n=49, 3.33%) 
   
10 (n=27, 1.84%) 11 (n=27, 1.84%) 12 (n=26, 1.77%) 















* Substance0, Sunday; Substance1, Monday; Substance2, Tuesday; Substance3, Wednesday; Substance4, Thursday; 
Substance5; Friday; Substance6, Saturday. 
Drinks scaled from 0 to 14, binge scaled from 0 to 1, marijuana scaled from 0 to 1, cocaine scaled from 0 to 0.2, heroin 
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